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Abstract

The 1918 influenza pandemic was characterized by multiple epidemic waves. We investi-
gated reactive social distancing, a form of behavioral response where individuals avoid
potentially infectious contacts in response to available information on an ongoing epidemic
or pandemic. We modelled its effects on the three influenza waves in the United Kingdom.
In previous studies, human behavioral response was modelled by a Power function of the
proportion of recent influenza mortality in a population, and by a Hill function, which is a func-
tion of the number of recent influenza mortality. Using a simple epidemic model with a
Power function and one common set of parameters, we provided a good model fit for the
observed multiple epidemic waves in London boroughs, Birmingham and Liverpool. We fur-
ther applied the model parameters from these three cities to all 334 administrative units in
England and Wales and including the population sizes of individual administrative units. We
computed the Pearson’s correlation between the observed and simulated for each adminis-
trative unit. We found a median correlation of 0.636, indicating that our model predictions
are performing reasonably well. Our modelling approach is an improvement from previous
studies where separate models are fitted to each city. With the reduced number of model
parameters used, we achieved computational efficiency gain without over-fitting the model.
We also showed the importance of reactive behavioral distancing as a potential non-phar-
maceutical intervention during an influenza pandemic. Our work has both scientific and pub-
lic health significance.

Introduction

The influenza pandemic of 1918 had been regarded as the deadliest pandemic in history. It
had caused an estimated 50 to 100 million deaths worldwide [1, 2]. Due to its exceptional
lethality and unusual epidemiological features, an in-depth understanding of the 1918 pan-
demic could provide insights to future influenza pandemic control and intervention. The 1918
pandemic was characterized by multiple waves of mortality. In the United Kingdom, the
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pandemic took place as three distinct waves: the first wave in the summer 1918, the second
wave in the autumn of the same year, and the third wave in the spring of 1919.

Behavioral epidemiology of infectious diseases focuses on behavior of the individuals as a
key factor to predict infection trajectories [3]. “Reactive social distancing” is a form of behav-
ioral responses where individuals avoid potentially infectious contacts in response to available
information on an ongoing epidemic or pandemic. Such behavioral responses could include
avoiding mass gathering, putting on protective masks, actively maintaining personal hygiene
and getting vaccinated [4]. However, the exact nature of behavioral responses could vary from
disease to disease.

Many previous studies investigated multiple waves of 1918 influenza pandemic. Merler
et al. proposed co-infections as a determinant of multiple waves [5]. Several other studies have
focused on identifying the underlying causes of multiple waves and the impact of behavioral
responses [6-8]. He et al. showed that human behavioral response was a key factor that was
responsible for the temporal changes in transmission rates of the three epidemic waves in
England and Wales. They described the behavioral response in the form of a Power function
which described the proportion of recent mortality over the whole population, and said
response has the largest impact on the epidemic waves of weekly infections [6]. Poletti et al.
studied the 2009 HIN1 influenza pandemic and concluded that human behavioral changes
responding to the total number of infections could have a significant impact on the timing,
dynamics and magnitude of the epidemic spread [7]. Bootsma and Ferguson modelled the
behavioral responses in the form of the Hill function which described the number of mortality.
They showed that the response could have a stronger impact on the weekly deaths than on the
overall mortality [8]. These studies all pointed towards human behavioral responses being a
key factor in the occurrence of multiple waves in the 1918 influenza pandemic.

Although previous studies investigated the impact of behavioral responses on the 1918
influenza pandemic, many questions remain unanswered. The impact of reactive social dis-
tancing on the final epidemic size remains unknown. Previous studies which used an epidemic
model that included a common set of parameters for different cities did not result in a good
model fit. They also lacked a comparison of different forms of functions describing behavioral
responses [6, 8]. In this study, we aimed to compare two mathematical functions of reactive
social distancing: Power function, which is a function of the proportion of recent influenza
mortality in a population, and Hill function, which is a function of recent influenza mortality.

This manuscript is arranged as follows: we fitted our model with the same set of input
parameters to the observed data in London boroughs, Birmingham and Liverpool. We applied
those model parameter values obtained from fitting three cities to all 334 administrative units
in England and Wales using population sizes of individual administrative units. We estimated
the impact of reactive social distancing on the final epidemic size. In the S1 Appendix, we dem-
onstrated theoretically how oscillations are induced by reactive social distancing.

Methods
Data

We analysed data on weekly influenza deaths between June 29, 1918 and May 10, 1919 from
334 administrative units in London boroughs, Birmingham and Liverpool in England. These
data are publicly available from UK Data Services [9].

Daily temperature data for the same time period are obtained from UK Met Office Hadley
Centre for Climate Change, where they provided Central England temperature data (http://
www.metoffice.gov.uk/hadobs/hadcet/data/download.html).
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Social distancing

Behavioral functions are used to model how people reduce their exposure to potentially infec-
tious contacts in response to the reported mortality during an influenza pandemic [6, 8]. In

Eq (1), we described three forms of behavioral functions (B(W(¢)) that could affect the trans-
mission rates: the Power function [6], the Hill function [8] and the modified-Hill function. We
denote the recent mortality as W(t), the total population size as N, and the intensity of behav-
ioral response as k or N/x.

We compared the Taylor series expansion of the Power function and the Hill function at W
(0) = 0. We noted that the coefficient of W(#) in the Hill function, N/x;, is comparable to the x
in the Power function. They both indicated the intensity of behavioral responses which
depended on the perceived risk of infection. Furthermore, we obtained a Modified-Hill func-
tion when we replaced x with N/x in the Hill function. The first two terms of the Taylor series
expansion in the Power function and the modified-Hill function are identical.

B(W(t);k,N) =
, w]" W(t)  k(c—1) [W(6)]° (la)
Power function [1 — T} =1-x N + 5 N +
Hill fanction ———— =1~ Lw(e) + L wi(e) + 1b
1 unction K+ W(t) = ” = ( )
. : . 1/x W) LW

- — T ] —x—L P G

Modified — Hill function Tk W(O/N 1—xk N + K { N + (L¢)

As shown in Fig 1, when % is close to zero, the Taylor series expansion suggests that the

Power function and the modified-Hill function lead to almost the same value. However, when
the proportion of recent mortality gets larger, the value of the Power function approaches
those of the Hill function. The key difference is whether W(¢) is scaled by N or not, i.e. whether
we are considering the proportion of recent mortality or the exact mortality.

Model

We employed a simple Susceptible-Infectious-Recovered (SIR) model which included a behav-
ioral function. Similar results were achieved if an additional “exposed” class is included [6].
The model is represented as follows:

S = —@SI,
N
I = @SI—VI,
N
M gD,
W = gD—IW.

Asin Eq (2), we assumed people behaved with reactive social distancing according to W,
where such behavior could be described as an exponential function with decaying rate A,
which referred to the exponentially fading memories of information variables in behavioral
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Fig 1. Simulation comparison of the three behavioral functions using the same parameter settings: N =4000,000,
k = 1350. Black line, red dashed line and blue dotted line represent Power function, Hill function and modified-Hill function,
respectively.

https://doi.org/10.1371/journal.pone.0180545.9001

epidemiology [4]. As in previous studies on the 1918 pandemic, we adopted the simplifying
assumption that population size (N) is constant throughout the pandemic course, although
this assumption is not realistic due to the large number of influenza mortality. The population
sizes in London boroughs, Birmingham and Liverpool were approximately 4,484,523, 919,444
and 802,940 during the study period respectively. ¢ denotes the case-fatality ratio. Parameters
7, gand 1 are rates at which individuals moved from one class to the next. ' is the mean
infectious period, fixed at four days [10]. g"' is the mean time from loss-of-infectiousness to
death, fixed at eight days. Thus, the mean duration from infection to death is 12 days [8]. 17" is
the mean duration of delay in behavioral responses. Following [6], A(¢) is the transmission rate
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function which takes the following form:
B(£) = By e - [L +aH(1)] - BOW(£); 5, N), (3)
where the four components are described as follows:

1. B, is the constant baseline transmission rate.

2. ¢ *"W s the term representing the temperature effect, T(#) is the daily time series for tem-

perature, where we simulated from the weekly time series obtained from UK Met Office.
The parameter & describes the intensity of the temperature effect.

3. [1 + aH(t)] is the school term factor. It has an amplitude parameter ¢ and a school day
function H(t). H(t) is a step function that takes a large value on school days and a small
value on holidays [6]. Easter and Christmas holidays are known. The summer vacation
period (#;, t,), which are unknown, has to be estimated. During the 1910’s, a large number
of adults and school children were involved in summer harvesting. Thus there were an
impact on influenza transmission [6].

4. The last factor is the human behavioral term B(W(t);x, N) that is expressed differently for
the Power function, Hill function and modified-Hill function. W(t) denotes the recent
influenza mortality. k or N/k represent the intensity of human behavioral response towards
the perceived risk of influenza infection.

Finally, we define the basic reproductive number R, = 2 with W(¢) = 0. We have W =0

at disease-free equilibrium [6]. Since the temperature effect is on average smaller than one, we
have (B(t)) < Bo. However, we chose to estimate the effective reproductive number, R (t),
instead. R (t) is defined as the average number of secondary case of infection per primary
case at time ¢ [11]. It is more appropriate to use R (t) than Ry in this study because we need
to estimate the final epidemic size, which reflects the depletion of susceptible individuals
under reactive social distancing. We have R (t) = f(¢)S(t)/(yN) [12]. An R (¢) < 1 indi-
cates that the epidemic is under control.

Modelling framework

We fit the model as described in Fig 2 to the reported weekly influenza deaths from the three
largest cities: London boroughs, Birmingham and Liverpool during the 1918-1919 influenza
pandemic. We further modelled for all 334 administrative units in England and Wales by
incorporating their respective population sizes (N), and using the epidemiological parameters
of the three cities. A key difference from previous models by Bootsma and Ferguson [8] and
He et al. [6] is that they used distinct parameters for different administrative units. By using a
common set of parameters, we greatly reduced the number of free parameters and computa-
tional time in our work. Previous studies showed that the transmissibility during the pandemic
showed little spatial variations [13, 14], thus our assumption is also biologically plausible.

We simulated the epidemic dynamics in Eq (2) using the Partially Observed Markov Pro-
cess model (POMP, also known as Hidden Markov Model) within a plug-and-play framework
[15]. Using the iterated filtering method [16, 17], we computed the maximum likelihood esti-
mate of the following parameters: baseline transmission rate (f,), case-fatality ratio (¢), impact
of school term (@), impact of air temperature (), intensity of reactive social distancing (x),
decay rate of reactive social distancing (1), and school term start date (;) and end date (t,).
We used Euler-multinomial algorithm with a fixed daily time step and incorporated the daily
temperature and school dates for model-fitting. We accounted for measurement noise and
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Fig 2. Schematic diagram showing the transmission dynamics during an influenza pandemic. S, /and R denote the number of susceptible,
infectious, and recovered individuals, respectively; D denotes the number of infected individuals who are no longer infectious and are progressing
to death in influenza or pneumonia causes; M denotes the cumulative number of influenza-related deaths; and W denotes recent influenza
mortality, a proxy indicator for the perception of pandemic severity.

https://doi.org/10.1371/journal.pone.0180545.9002

used negative binomial process to compute the maximum log-likelihood (See S1 Text for
details). The POMP model has been widely used in infectious diseases modelling studies,
including Ebola, cholera, malaria, influenza, as well as studies in finance and ecological
dynamics [15, 18-35]. The POMP package in R was implemented (http://kingaa.github.io/
pomp/).

We performed model fittings of the POMP package on workstations. We transformed all
parameters into the range (—o0, 00), by taking logarithm on all positive parameters, or using
the logistic function to the parameters that have values between 0 and 1. We used the Iterated
Filtering method for multiple times to achieve convergence of model fitting. At each iteration,
the current estimates were used as the initial parameter values to ensure that the log-likelihood
is improved at each iteration. In order to check that the maximum log-likelihood is indeed a
true global maximum, we chose to fix each parameter at several points (e.g. 20 points) across a
wide range of values and perform iterated filtering on other parameters. This step yielded the
maximum log likelihood as a function of this parameter. Consequently, we achieved conver-
gence of the maximization on smooth maximization profiles.

The likelihood-based inference framework is further discussed in S1 Text and S1 Fig. Some
oscillations induced by reactive social distancing are discussed in S1 Appendix.

Results
Baseline fitting results

Fig 3 shows the best-fitting simulation models using three different behavioral functions, i.e. a
model with the Power function (Fig 3(a)-3(c)), the Hill function (Fig 3(d)-3(f)) and the modi-
fied-Hill function (Fig 3(h)-3(j)). The inset panels show the log-likelihood profile of each
model as a function of the parameter x. Since the number of parameters of the three models
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Fig 3. Simulation comparisons of the weekly influenza mortality during the 1918 pandemic in London boroughs, Birmingham and Liverpool.
We modelled using three different behavioral functions: (a-c) Power function, (d-f) Hill function, and (g-i) modified-Hill function. Bold blue line: reported
cases; thin red line: simulation median. The shaded area indicates the 95% confidence interval. The inset panels show the profile log-likelihood as a

function of k.

https://doi.org/10.1371/journal.pone.0180545.g003
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are the same, their maximum log-likelihoods (MLL) could be directly compared. The MLLs
for the Power function, the Hill function and the modified-Hill function are -596.12, -659.58
and -596.34, respectively. Since a larger MLL indicates a better model fit, and the Power func-
tion and the modified-Hill function have very similar goodness-of-fit levels, we concluded that
these two functions provided the best model choice in this study.

Previous studies assumed key parameters such as R, and x to be different for each city in
order to achieve the best model fit [6, 8]. In contrast, our model uses a common set of parame-
ters (i.e. same x and R, in the three cities) but different population sizes and initial conditions
for each of the three cities. Of these models, the Power function and the modified-Hill function
demonstrated good model fit (Fig 3).

Fig 4 compares the three behavioral functions with the maximum likelihood estimates of .
The Power function and the modified-Hill function largely overlaps, but the Hill function
clearly deviates from the other two functions.

Fig 5 shows the estimated daily reproductive number R, (thin red curve) and the effective
reproductive number, R (blue bold curve). Since we assumed all input parameters to be
identical, the estimated daily reproductive numbers were identical in all three cities. We set
W =0, therefore fluctuations in daily reproductive numbers can only be due to changes in
school terms and daily temperature. For the effective reproductive number, we used the esti-
mated W(t) and the susceptibles, S(t). Thus R is different between the cities. When R is
different from 1, the mortality curve changes with a time lag of about 12 days.

We summarised all parameters estimated in the best-fit model that uses a Power function
in Table 1. All parameter values are largely biologically reasonable [6, 8]. Thus, we found a
model with common parameter values in all three cities. The only differences are in the popu-
lation sizes and the initial conditions, where we denoted the initial susceptible population and
initial population size to be Sy and Iy, respectively. The estimated initial conditions were simi-
lar among the three cities.

Impact of reactive social distancing

As the goodness-of-fit of the models were similar between the Power function and the modi-
fied-Hill function, we chose the Power function for further exploration of the theoretical
impacts of reactive social distancing on the pandemic. The theoretical impact depends on the
intensity parameter (k) and the decay parameter (1). We introduced the final epidemic size
(Z) and the weekly mortality which reflect the magnitude of the pandemic.

The basic reproductive number R is the key epidemiological parameter in infectious dis-
ease transmission. It is defined as the average number of secondary cases arising from an aver-
age primary case in an entirely susceptible population [36]. If R, > 1, the disease will spread.
However, if Ry < 1, the disease will not spread [37].

The final epidemic size is the proportion of a population who have been infected during an
epidemic. It is determined when the epidemic ends and there are no more infectious individu-
als in the population. Suppose s(c0) is the proportion of susceptible at the end of the epidemic.
Then the final size of the epidemic can be defined as 1 — s(co). Without human behavioral
intervention, s(co) is the root of the final-size equation [38, 39],

Ins(oc) = Ry (s(00) — 1). (4)
Therefore, the final epidemic size can be calculated as follows:

Z=1-¢%? (5)
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https://doi.org/10.1371/journal.pone.0180545.9004

With the inclusion of the behavioral term, the effective reproductive number is smaller,
which leads to a smaller final epidemic size. However, a closed-form solution could not be
obtained, and numerical simulation is needed. Figs 6 and 7 show the simulation results of the
impact of the behavioral term on the final epidemic size and weekly mortality, respectively.

Fig 7 shows the cumulative number of weekly mortality by varying the values of the inten-
sity parameter (k) and decay parameter (1) in the behavioral term. In Fig 7(a), increasing &
from 1,000 to 10,000 generates oscillations in the simulated weekly mortalities. In Fig 7(b), by
fixing x at 10,000, 4 serves as a tuning parameter which changes the frequency and duration of

the oscillations.

PLOS ONE | https://doi.org/10.1371/journal.pone.0180545 July 12,2017

9/16


https://doi.org/10.1371/journal.pone.0180545.g004
https://doi.org/10.1371/journal.pone.0180545

..@.' PLOS | ONE Reactive social distancing

60 (a) London (b) Birmingham 60 (c) Liverpool

60 7

=) 9]

S 50 ~ 50 T 50 -6 9

o E

= - - -5 2

~ 40 40 40 - 5

3 >

b - — -4 =

EREE 30 30 - 3
°

o} - - -3 o

Q s

© 20 20 20 3

N — - -2 o

[

0] =

2 10+ L 104 L 10 L1 &

£ (a]

0 T T T T T T 0 T T T T T T 0 T T T T T I 0
Y S Y N NY N
/5& "er eo 5@9 & @’b* >\§ QQJQ 8 S'é\ @‘b- » /§\§ %Q:Q O /s&.\ @‘b- @'b%
O & T e LY NN A A A ¢ N A S N g
S N N N S M N N ) SN A N )

Fig 5. Estimated daily basic reproductive number R, (thin red curve), effective reproductive number R, (bold blue curve) and weekly influenza
mortality (shaded region). The average basic reproductive number is 3.24 in the three cities.

https://doi.org/10.1371/journal.pone.0180545.9g005

Table 1. Summary of all parameters estimated in the best-fit model using the Power function. Distinct parameters could have different values for the
three cities. Common parameters have the same values for all three cities.

Parameter London boroughs Birmingham Liverpool Type

initial, So/ N 0.685 (0.503, 0.836) 0.677 (0.450, 0.806) 0.632 (0.253, 0.950) distinct

initial, /o 9552 (7116, 14611) 3760 (2302, 4964) 927 (610, 1521) distinct
behavioral, k 1323.2 (1185.9, 1484.8) common
delay, A" (days) 12.43 (10.73, 14.55) common
CFR, ¢ 0.0118 (0.0108, 0.0129) common
baseline, B 4153.8 (3067.9, 8424.1) common
school-term, a 0.437 (0.377,0.498) common
temperature, 0.04048 (0.03441, 0.04568) common
summer vacation start, t June 23 (May 24, June 28) common
summer vacation end, f, August 21 (Aug 12, August 31) common

https://doi.org/10.1371/journal.pone.0180545.t001

Applying the model to 334 administrative units

We applied our model with parameter values from fitting the three largest cities to all 334
administrative units in England and Wales. The only parameter we need to incorporate into
this model are the population sizes of the administrative units. As the three cities had similar
initial conditions, we used that of Liverpool’s. The results are displayed in Fig 8. We computed
the Pearson’s correlations between the observed (Fig 8(a)) and simulated data that considers
school term, temperature and behavioral changes (Fig 8(b)) for each administrative unit. The
median correlation is 0.636. This shows that our model performs reasonably well in at least
half of the 334 administrative units using only data from three major cities. Previous studies
showed that the model fit is inadequate when the behavioral terms are removed, even if the cit-
ies are being fitted separately [6, 8]. In Fig 8(c), we set W = 0 and using other parameters from
Fig 8(b), we show the simulation results of the 334 administrative units. The model can only
yield the first two waves with the third wave missed. Furthermore, we compared the overall
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g '=8,y ' =4,¢=0.01. k represents the intensity of reactive social distancing behavior, and A represents the rate of decay of reactive social
distancing behavior.

https:/doi.org/10.1371/journal.pone.0180545.9g006
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Fig 7. Cumulative number of weekly mortality using different values of k and A. With N=2,000,000, S, = 0.8N, lp = 100, g'1 =
8,y ' =4and ¢ = 0.01, the effects of k and A on the simulated weekly mortalities are shown in panels (a) and (b) respectively. In
panels (a), we fixed A™! = 10 days, and the cumulative weekly mortalities are 16% smaller when we have k = 10,000 than k = 1,000.
In panel (b), when we fixed k = 10,000, the cumulative weekly mortalities will be 27% smaller when we have A™' =5 days than A™" =
20 days.
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Fig 8. Comparison between the observed and simulated patterns of influenza mortality in 334 administrative units. (a) Observed data. (b)
Simulated data that considers school term, temperature, and behavioral changes. (c) Without behavioral changes. Administrative units are ordered in
descending population sizes from top to bottom.

https://doi.org/10.1371/journal.pone.0180545.9008

attack rates in the two scenarios: using all three factors, the estimated infection attack rate is
about 28.5% (95% confidence interval (CI): 14.1%, 35.9%). Without behavioral changes, the
estimated infection attack rate is about 40.8% (95% CI: 34.0%, 46.9%). Thus, there are substan-
tial reduction in attack rates due to behavioral changes.

We discussed the oscillations induced by reactive social distancing in S1 Appendix. We
obtained an interesting linear relationship between the durations of behavioral reaction and
the period of transient oscillations (S1 Appendix).

Discussion and conclusions

Our study compared three forms of behavioral functions that described reactive social distanc-
ing, which assumes individuals either respond to the number of recent mortality or the pro-
portion of mortality in the overall population. Using simple epidemic models to fit mortality
cases in London boroughs, Birmingham and Liverpool, we showed the behavioral functions in
the form of the Power function or the modified-Hill function outperformed the Hill function
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in terms of model fit. These results suggest that the proportion of mortality plays a more
important role than the number of recent mortality.

Our modelling techniques are an improvement compared with earlier studies [6, 8]. We
showed that a common set of parameters and temperature from Central England could be
used for modelling the 334 administrative units. Bootsma and Ferguson [8] developed an epi-
demic model to study the impacts of public health interventions on the 1918 influenza pan-
demic in 16 US cities. He et al [6] proposed another epidemic model which incorporates
school opening and closing, temperature changes and changes in human behavioral responses
during the 1918 influenza pandemic in 334 administrative units in England and Wales. How-
ever, in both studies, instead of using a common set of model input parameters, unique model
input parameters were needed for model fitting of each city or administrative units. Here, our
model requires only a common set of parameters for the three-city or the subsequent
334-administrative unit model-fitting procedure, and the reduced number of parameters used
represented significant improvement in computational efficiency and resulted in more robust
estimates. Caley et al. [40] studied the 1918 influenza pandemic in Australia and showed that
reactive social distancing had a significant impact on the observed multiple epidemic wave and
final epidemic size. Our effective reproductive numbers are comparable to these studies.

Our theoretical damping oscillation results provide a plausible explanation to the observed
multiple waves, where reactive social distancing in response to the high recent proportion of
influenza deaths could lead to a dampening of epidemic waves. However, with the decline in
the proportion of influenza deaths, public risk perception could be lowered as well, leading to
less social distancing which could eventually induce another epidemic wave. In addition, we
showed that reactive social distancing could lead to reduction in final epidemic size.

Our findings are plausible and are consistent with earlier mathematical modelling studies
on the 1918 influenza pandemic. Our estimated initial proportion of susceptible individuals
are around 0.650, which are comparable with previous studies by Mathews et al [41], Bolton
etal. [42], Gani et al. [43] and He et al. [6]. Our estimates of the initial number of infectious
individuals and school term intensity are also consistent with He et al [6].

Compared to previous studies, our methods provide several improvements. First, by using
a common set of model parameters for fitting the three-city model, we have greatly enhanced
our computational efficiencies and have also resulted in more robust estimates of the final epi-
demic size. Second, by comparing different forms of social distancing, we identified that peo-
ple responded most to the proportion of influenza mortality during the 1918 pandemic. Third,
our theoretical results suggest an almost perfect linear relationship between the mean period
of damping oscillations and the duration of reactive social distancing under ideal conditions.
These findings have important implications on the impact of behavioral reaction on influenza
pandemic waves.

Major limitations of our study include the lack of direct historical behavioral data on quan-
tifying the extent of reactive social distancing. Also, other non-pharmaceutical interventions
could have played a role on the influenza pandemic patterns observed, but these measures are
not considered in our model. There could be differences in summer vacation periods and daily
temperature data in the three cities. However, such detailed data are not accessible to us. In
future epidemics or pandemics, such information can be gathered and incorporated into the
framework developed in this work. Furthermore, our model failed to achieve reasonable
model fits for small administrative units due to their smaller population sizes because the
model parameters are estimated from large cities. We were indeed more interested in fitting
large cities. Finally, we did not consider the effect where epidemics in small administrative
units are likely driven by large cities.
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In conclusion, a simple model that considers reactive social distancing, temperature, and
school term could explain the observed multiple waves and final epidemic size in London bor-
oughs, Birmingham and Liverpool during the 1918 influenza pandemic. Despite societal
changes, our historical analyses on the 1918 pandemic could still serve as an evidence base for
future pandemic planning.

Supporting information

S1 Text. Likelihood based inference framework.
(PDF)

S1 Fig. Temperature in England and Wales 1918-1919. Temperature data in Central
England from June 29, 1918 to May 10, 1919 was downloaded from the UK Met Office Hadley
Centre for Climate Change.

(PDF)

S1 Appendix. Oscillations induced by reactive social distancing.
(PDF)

Acknowledgments

Simulations are performed on workstations of the Department of Applied Mathematics at the
Hong Kong Polytechnic University.

Author Contributions

Conceptualization: Duo Yu, Qianying Lin, Alice PY Chiu, Daihai He.
Data curation: Duo Yu, Qianying Lin, Alice PY Chiu, Daihai He.
Formal analysis: Duo Yu, Qianying Lin, Alice PY Chiu, Daihai He.
Funding acquisition: Daihai He.

Investigation: Duo Yu, Qianying Lin, Alice PY Chiu, Daihai He.
Methodology: Duo Yu, Qianying Lin, Alice PY Chiu, Daihai He.
Project administration: Daihai He.

Resources: Daihai He.

Software: Daihai He.

Supervision: Daihai He.

Validation: Duo Yu, Qianying Lin, Alice PY Chiu, Daihai He.
Visualization: Qianying Lin, Alice PY Chiu, Daihai He.

Writing - original draft: Duo Yu, Qianying Lin, Alice PY Chiu.
Writing - review & editing: Alice PY Chiu, Daihai He.

References

1. Johnson NP, Mueller J. Updating the accounts: global mortality of the 1918-1920 “Spanish” influenza
pandemic. Bull Hist Med. 2002; 76:105-15. https://doi.org/10.1353/bhm.2002.0022 PMID: 11875246

2. Barry JM. The site of origin of the 1918 influenza pandemic and its public health implications. J Transl|
Med. 2004; 2:3. https://doi.org/10.1186/1479-5876-2-3 PMID: 14733617

PLOS ONE | https://doi.org/10.1371/journal.pone.0180545 July 12,2017 14/16


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0180545.s001
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0180545.s002
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0180545.s003
https://doi.org/10.1353/bhm.2002.0022
http://www.ncbi.nlm.nih.gov/pubmed/11875246
https://doi.org/10.1186/1479-5876-2-3
http://www.ncbi.nlm.nih.gov/pubmed/14733617
https://doi.org/10.1371/journal.pone.0180545

@° PLOS | ONE

Reactive social distancing

10.

1.

12

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

24,

Bauch C, d’Onofrio A, Manfredi P. Behavioral Epidemiology of Infectious Diseases: An Overview. In
Modeling the Interplay between Human Behaviour and the Spread of Infectious Diseases, Manfredi P
and d’Onofrio A, eds., Springer Verlag, New York, 2013, pp. 1-19.

d’Onofrio A, Manfredi P, Salinelli E. Vaccinating behaviour, information, and the dynamics of SIR vac-
cine preventable diseases. Theor Popul Biol. 2007; 71:301-17. https://doi.org/10.1016/j.tpb.2007.01.
001 PMID: 17335862

Merler S, Poletti P, Ajelli M, Caprile B, Manfredi P. Coinfection can trigger multiple pandemic waves. J
Theor Biol. 2008; 254:499-507. https://doi.org/10.1016/}.jtbi.2008.06.004 PMID: 18606170

He D, Dushoff J, Day T, Ma J, Earn DJ. Inferring the causes of the three waves of the 1918 influenza
pandemic in England and Wales. Proc Biol Sci. 2013; 280:20131345. https://doi.org/10.1098/rspb.
2013.1345 PMID: 23843396

Poletti P, Caprile B, Ajelli M, Pugliese A, Merler S. Spontaneous behavioural changes in response to
epidemics. J Theor Biol. 2009; 260:31—40. https://doi.org/10.1016/j.jtbi.2009.04.029 PMID: 19446570

Bootsma MC, Ferguson NM. The effect of public health measures on the 1918 influenza pandemic in U.
S. cities. Proc Natl Acad Sci U S A. 2007; 104:7588-93. https://doi.org/10.1073/pnas.0611071104
PMID: 17416677

Johnson N. 1918-1919 Influenza Pandemic Mortality in England and Wales. [data collection]. UK Data
Service. 2011. SN: 4350. Available at: http://dx.doi.org/10.5255/UKDA-SN-4350-1

Mills CE, Robins JM, Lipsitch M. Transmissibility of 1918 pandemic influenza. Nature. 2004; 432:904—
6. https://doi.org/10.1038/nature03063 PMID: 15602562

Nishiura H, Chowell G. Early transmission dynamics of Ebola virus disease (EVD), West Africa, March
to August 2014. Euro Surveill. 2014; 19. pii:20894. https://doi.org/10.2807/1560-7917.ES2014.19.36.
20894

Chowell G, Hengartner NW, Castillo-Chavez C, Fenimore PW, Hyman JM. The basic reproductive
number of Ebola and the effects of public health measures: the cases of Congo and Uganda. J Theor
Biol. 2004; 229:119-26. https://doi.org/10.1016/}.jtbi.2004.03.006 PMID: 15178190

Chowell G, Bettencourt LM, Johnson N, Alonso WJ, Viboud C. The 1918-1919 influenza pandemic in
England and Wales: spatial patterns in transmissibility and mortality impact. Proc Biol Sci. 2008;
275:501-9. hitps://doi.org/10.1098/rspb.2007.1477 PMID: 18156123

Eggo RM, Cauchemez S, Ferguson NM. Spatial dynamics of the 1918 influenza pandemic in England,
Wales and the United States. J R Soc Interface.2011; 8:233-43. https://doi.org/10.1098/rsif.2010.0216
PMID: 20573630

He D, lonides EL, King AA. Plug-and-play inference for disease dynamics: measles in large and small
populations as a case study. J R Soc Interface. 2010; 7:271-83. https://doi.org/10.1098/rsif.2009.0151
PMID: 19535416

lonides EL, Breté C, King AA. Inference for nonlinear dynamical systems. Proc Natl Acad SciU S A.
2006; 103:18438—43. https://doi.org/10.1073/pnas.0603181103 PMID: 17121996

lonides EL, Bhadra A, King AA. lterated Filtering. Ann Stat. 2011; 39:1776-802. https://doi.org/10.
1214/11-AOS886

King AA, lonides EL, Pascual M, Bouma MJ. Inapparent infections and cholera dynamics. Nature.
2008; 454:877-80. https://doi.org/10.1038/nature07084 PMID: 18704085

Breto C, He D, lonides EL, King AA. Time series analysis via mechanistic models. Ann Appl Stat. 2009;
3:319-48. https://doi.org/10.1214/08-A0AS201

King AA, Domenech de Cellés M, Magpantay FM, Rohani P. Avoidable errors in the modelling of out-
breaks of emerging pathogens, with special reference to Ebola. Proc Biol Sci. 2015; 282:20150347.
https://doi.org/10.1098/rspb.2015.0347 PMID: 25833863

He D, Dushoff J, Day T, Ma J, Earn DJD. Mechanistic modelling of the three waves of the 1918 influ-
enza pandemic. Theor. Ecol. 2011; 4:283-8. https://doi.org/10.1007/s12080-011-0123-3

Camacho A, Ballesteros S, Graham AL, Carrat F, Ratmann O, Cazelles B. Explaining rapid reinfections
in multiple-wave influenza outbreaks: Tristan da Cunha 1971 epidemic as a case study. Proc Biol Sci.
2011; 278:3635—-43. hitps://doi.org/10.1098/rspb.2011.0300 PMID: 21525058

Earn DJ, He D, Loeb MB, Fonseca K, Lee BE, Dushoff J. Effects of school closure on incidence of pan-
demic influenza in Alberta, Canada. Ann Intern Med. 2012; 156:173-81. https://doi.org/10.7326/0003-
4819-156-3-201202070-00005 PMID: 22312137

Shrestha S, Foxman B, Weinberger DM, Steiner C, Viboud C, Rohani P. Identifying the interaction
between influenza and pneumococcal pneumonia using incidence data. Sci Transl Med. 2013;
5:191ra84. https://doi.org/10.1126/scitransimed.3005982 PMID: 23803706

PLOS ONE | https://doi.org/10.1371/journal.pone.0180545 July 12,2017 15/16


https://doi.org/10.1016/j.tpb.2007.01.001
https://doi.org/10.1016/j.tpb.2007.01.001
http://www.ncbi.nlm.nih.gov/pubmed/17335862
https://doi.org/10.1016/j.jtbi.2008.06.004
http://www.ncbi.nlm.nih.gov/pubmed/18606170
https://doi.org/10.1098/rspb.2013.1345
https://doi.org/10.1098/rspb.2013.1345
http://www.ncbi.nlm.nih.gov/pubmed/23843396
https://doi.org/10.1016/j.jtbi.2009.04.029
http://www.ncbi.nlm.nih.gov/pubmed/19446570
https://doi.org/10.1073/pnas.0611071104
http://www.ncbi.nlm.nih.gov/pubmed/17416677
http://dx.doi.org/10.5255/UKDA-SN-4350-1
https://doi.org/10.1038/nature03063
http://www.ncbi.nlm.nih.gov/pubmed/15602562
https://doi.org/10.2807/1560-7917.ES2014.19.36.20894
https://doi.org/10.2807/1560-7917.ES2014.19.36.20894
https://doi.org/10.1016/j.jtbi.2004.03.006
http://www.ncbi.nlm.nih.gov/pubmed/15178190
https://doi.org/10.1098/rspb.2007.1477
http://www.ncbi.nlm.nih.gov/pubmed/18156123
https://doi.org/10.1098/rsif.2010.0216
http://www.ncbi.nlm.nih.gov/pubmed/20573630
https://doi.org/10.1098/rsif.2009.0151
http://www.ncbi.nlm.nih.gov/pubmed/19535416
https://doi.org/10.1073/pnas.0603181103
http://www.ncbi.nlm.nih.gov/pubmed/17121996
https://doi.org/10.1214/11-AOS886
https://doi.org/10.1214/11-AOS886
https://doi.org/10.1038/nature07084
http://www.ncbi.nlm.nih.gov/pubmed/18704085
https://doi.org/10.1214/08-AOAS201
https://doi.org/10.1098/rspb.2015.0347
http://www.ncbi.nlm.nih.gov/pubmed/25833863
https://doi.org/10.1007/s12080-011-0123-3
https://doi.org/10.1098/rspb.2011.0300
http://www.ncbi.nlm.nih.gov/pubmed/21525058
https://doi.org/10.7326/0003-4819-156-3-201202070-00005
https://doi.org/10.7326/0003-4819-156-3-201202070-00005
http://www.ncbi.nlm.nih.gov/pubmed/22312137
https://doi.org/10.1126/scitranslmed.3005982
http://www.ncbi.nlm.nih.gov/pubmed/23803706
https://doi.org/10.1371/journal.pone.0180545

@° PLOS | ONE

Reactive social distancing

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42,

43.

Laneri K, Bhadra A, lonides EL, Bouma M, Dhiman RC, Yadav RS, et al. Forcing versus feedback: epi-
demic malaria and monsoon rains in northwest India. PLoS Comput Biol. 2010; 6:e1000898. https://doi.
org/10.1371/journal.pcbi.1000898 PMID: 20824122

Bhadra A, lonides EL, Laneri K, Pascual M, Bouma M, Dhiman RC. Malaria in Northwest India: Data
analysis via partially observed stochastic differential equation models driven by Lévy noise. J Am Stat
Assoc. 2011; 106:440-51. https://doi.org/10.1198/jasa.2011.ap10323

Roy M, Bouma MJ, lonides EL, Dhiman RC, Pascual M. The potential elimination of Plasmodium vivax
malaria by relapse treatment: insights from a transmission model and surveillance data from NW India.
PLoS Negl Trop Dis. 2013; 7:e1979. https://doi.org/10.1371/journal.pntd.0001979 PMID: 23326611

Zhou J, Han L, Liu S. Nonlinear mixed-effects state space models with applications to HIV dynamics.
Stat Probab Lett. 2013; 83:1448-56. https://doi.org/10.1016/j.spl.2013.01.032

Lavine J, Rohani P. Resolving pertussis immunity and vaccine effectiveness using incidence time
series. Expert Rev Vaccines. 2012; 11:1319-29. https://doi.org/10.1586/erv.12.109 PMID: 23249232

Blackwood JC, Cummings DA, Broutin H, lamsirithaworn S, Rohani P. Deciphering the impacts of vac-
cination and immunity on pertussis epidemiology in Thailand. Proc Natl Acad Sci U S A. 2013;
110:9595-600. https://doi.org/10.1073/pnas.1220908110 PMID: 23690587

Blake IM, Martin R, Goel A, Khetsuriani N, Everts J, Wolff C, et al. The role of older children and adults
in wild poliovirus transmission. Proc Natl Acad Sci U S A. 2014; 111:10604-9. https://doi.org/10.1073/
pnas.1323688111 PMID: 25002465

lonides EL. Discussion on “Feature Matching in Time Series Modeling” by Y. Xia and H. Tong. Stat Sci.
2011; 26:49-52. https://doi.org/10.1214/11-STS345C

Blackwood JC, Streicker DG, Altizer S, Rohani P. Resolving the roles of immunity, pathogenesis, and
immigration for rabies persistence in vampire bats. Proc Natl Acad Sci U S A. 2013; 110:20837—42.
https://doi.org/10.1073/pnas.1308817110 PMID: 24297874

Bhadra A. Discussion of Particle Markov chain Monte Carlo methods by Andrieu et al. J R Stat Soc B.
2010; 72:314-5.

Breto C. On idiosyncratic stochasticity of financial leverage effects. Stat Probab Lett. 2014; 91:20-26.
https://doi.org/10.1016/j.spl.2014.04.003

Keeling M, Rohani P. Modeling infectious diseases in humans and animals. Princeton University Press,
2007.

van den Driessche P, Watmough J. Reproduction numbers and sub-threshold endemic equilibria for
compartmental models of disease transmission. Math Biosci. 2002; 180:29-48. https://doi.org/10.
1016/S0025-5564(02)00108-6 PMID: 12387915

Diekmann O, Heesterbeek JAP. Mathematical epidemiology of infectious diseases: Model building,
analysis and interpretation. Wiley, 2000.

Ma J, Earn DJD. Generality of the final size formula for an epidemic of a newly invading infectious dis-
ease. Bull Math Biol. 2006; 68:679-702. https://doi.org/10.1007/s11538-005-9047-7 PMID: 16794950

Caley P, Philp DJ, McCracken K. Quantifying social distancing arising from pandemic influenza. J R
Soc Interface. 2008; 5:631-9. https://doi.org/10.1098/rsif.2007.1197 PMID: 17916550

Mathews JD, McCaw CT, McVernon J, McBryde ES, McCaw JM. A biological model for influenza trans-
mission: pandemic planning implications of asymptomatic infection and immunity. PLoS One. 2007; 2:
€1220. https://doi.org/10.1371/journal.pone.0001220 PMID: 18043733

Bolton KJ, McCaw JM, McVernon J, Mathews JD. The influence of changing host immunity on 1918-19
pandemic dynamics. Epidemics. 2014; 8:18-27. https://doi.org/10.1016/].epidem.2014.07.004 PMID:
25240900

Gani R, Hughes H, Fleming D, Griffin T, Medlock J, Leach S. Potential impact of antiviral drug use dur-
ing influenza pandemic. Emerg Infect Dis. 2005; 11:1355-62. PMID: 16229762

PLOS ONE | https://doi.org/10.1371/journal.pone.0180545 July 12,2017 16/16


https://doi.org/10.1371/journal.pcbi.1000898
https://doi.org/10.1371/journal.pcbi.1000898
http://www.ncbi.nlm.nih.gov/pubmed/20824122
https://doi.org/10.1198/jasa.2011.ap10323
https://doi.org/10.1371/journal.pntd.0001979
http://www.ncbi.nlm.nih.gov/pubmed/23326611
https://doi.org/10.1016/j.spl.2013.01.032
https://doi.org/10.1586/erv.12.109
http://www.ncbi.nlm.nih.gov/pubmed/23249232
https://doi.org/10.1073/pnas.1220908110
http://www.ncbi.nlm.nih.gov/pubmed/23690587
https://doi.org/10.1073/pnas.1323688111
https://doi.org/10.1073/pnas.1323688111
http://www.ncbi.nlm.nih.gov/pubmed/25002465
https://doi.org/10.1214/11-STS345C
https://doi.org/10.1073/pnas.1308817110
http://www.ncbi.nlm.nih.gov/pubmed/24297874
https://doi.org/10.1016/j.spl.2014.04.003
https://doi.org/10.1016/S0025-5564(02)00108-6
https://doi.org/10.1016/S0025-5564(02)00108-6
http://www.ncbi.nlm.nih.gov/pubmed/12387915
https://doi.org/10.1007/s11538-005-9047-7
http://www.ncbi.nlm.nih.gov/pubmed/16794950
https://doi.org/10.1098/rsif.2007.1197
http://www.ncbi.nlm.nih.gov/pubmed/17916550
https://doi.org/10.1371/journal.pone.0001220
http://www.ncbi.nlm.nih.gov/pubmed/18043733
https://doi.org/10.1016/j.epidem.2014.07.004
http://www.ncbi.nlm.nih.gov/pubmed/25240900
http://www.ncbi.nlm.nih.gov/pubmed/16229762
https://doi.org/10.1371/journal.pone.0180545

